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In Egypt between 1998 and 2001, Tushka depression flooded from excess water being diverted 
from the Aswan High Dam, which resulted in the formation of Tushka Lakes.  Using remote 
sensing (RS) and geographic information systems (GIS), Tushka Lakes and the surrounding area 
(4374.46 km
2
) were analyzed and mapped for land cover change and mineral composite (MC) 
characteristics (ferrous minerals (FM), iron oxides (IO), and clay minerals (CM)).  Land cover 
change and MC maps were developed using Landsat TM image (November 7, 1998) and 
Landsat ETM+ image (March 18, 2003).   The resulting land cover change map indicated 
increase in vegetation, potential agriculture land, and evaporite cover area over the five year 
period.   Furthermore, using ArcMap 10, developed MC index maps were classified into seven 
classes by using the natural breaks method.  The results from the MC maps indicated that the 
concentration of FM and IO are very low, but the concentration of CM was high, which indicates 
that CM might be smectite, illite, kaolinite, or chlorite since these CM have little or no iron 
content.  The developed maps from this study are to be used as a guide for agriculture and 
environmental decision making, but they are not dependable for the modeling studies since the 
maps have not been verified with field data to determine accuracy of MC maps. 
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1. Introduction 
In 1969, the Aswan High Dam was built, which created Lake Nasser that is the largest 
man-made lake (Elewa, 2006).  A side canal was built for Aswan High Dam that would divert 
the excess water from Lake Nasser to the Tushka depression; consequently between 1998 and 
2001, enough water was discharged from Lake Nasser that led to formation of the Tushka Lakes 
that changed the land cover area of Tushka depression from 1998 (Elewa, 2006) (Bastawesy & 
others, 2007).  The land in the Tushka depression is developed for agriculture communities – 
part of the National Tushka Project initiated in 1996 – that heavily rely on the surface water from 
the Tushka Lakes and the groundwater from the Nubian aquifer (Elewa, 2006).     
From 2002 to 2006, droughts have caused the water levels for the Tushka Lakes to 
decrease considerably due to insufficient influx of water from Lake Nasser along with persistent 
evapotranspiration rates (outflux) that remain at 8 mm/day in winter and 35 mm/day in summer, 
which results in negative storage in the Tushka Lakes (Elewa, 2006).  Using RS and GIS, 
Bastawesy and others (2007) were able to calculate an annual average of 2.5 meters/year of 
declining water level in Tushka Lakes for years 2002 to 2006.  With Tushka Lakes being located 
in a depression, this creates a restricted basin environment for the lakes in which the circulation 
of water is limited to evapotranspiration as outflux and water coming from Lake Nasser as 
influx, and the high evapotranspiration rates cause an increase in the salinity of the water that 
precipitates evaporites when saturation levels are reached (Elewa, 2006) (Prothero & Dott, 2010, 
p. 277) (Andrews & others, 2004, p. 194). Also, evaporite minerals can be deposited within the 
salt flat muds called sabhka (Prothero & Dott, 2010, p. 280).  With decreasing water levels, the 
evaporite deposition has increased since 2001 in the Tushka area (Bastawesy & others, 2007). 
In addition to land cover change, the soil chemical composition changed throughout the 
Tushka area, which is less noticeable in Landsat images compared to water level and vegetation 
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presence.  Nonetheless, soil chemical composition change is very important because it affects the 
quality and quantity of agriculture production.  Important constituents of agriculture soil are clay 
minerals (CM) and iron containing minerals.   CM are structurally complex hydrous 
phyllosilicates that have a diameter of 5µm (Walther, 2005, p. 158) (Dogan, 2009).  CM can 
retain moisture and plant element nutrients effectively due to their high porosity, low hydraulic 
conductivity, and high capillary force, which result in higher field capacity and wilting point 
(Asgarzadeh, Mosaddeghi, Mahboubi, Nosrati, & Dexter, 2010) (Dogan, 2009). As a result, clay 
content in soil is crucial for plant and productive agriculture (Dogan, 2009).  Furthermore, iron is 
an important constituent in soil since it plays a vital role in chlorophyll synthesis and growth of 
plants (Dogan, 2009) (Mengel, 1994) (Katyal & Sharma, 1980).  Soils with poor iron content 
result in chlorosis of plants, which is the yellowing of the leaves with green veins that suppresses 
full development of plants (Dogan, 2009) (Mengel, 1994) (Katyal & Sharma, 1980).  In RS, a 
tool for identifying mineral composite (MC) in an image can be used to identify the spatial 
distribution of ferrous minerals (FM), iron oxides (IO), and clay minerals (CM).  The spatial 
distribution of these minerals is important for environmental and agricultural modeling studies 
that can be performed using geographic information systems (GIS) and RS (Dogan, 2009).   
Utilizing RS and GIS, scientists were able to apply the tools successfully in assessing the 
following:  mineral composition of Kelkit Basin in Turkey (Dogan, 2009), salt affected soils 
(Farifteh, Farshad, & George, 2006), metamorphic rocks (Longhi, Sgavetti, Chiari, & Mazzoli, 
2001), porphyry copper alteration at the Meiduk area in Iran (Tangestani & Moore, 2002). 
The objective of this study is to develop thematic map that depicts the land cover change 
for the Tushka area from November 7, 1998 to March 18, 2003, and to quantify the land cover 
change.  Second objective is to present the spatial distribution of MC of the Tushka area for 
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March 18, 2003, and quantify the difference in the MC cover area from November 7, 1998 to 
March 18, 2003 for Tushka depression.  The produced maps will be an excellent guide for 
environmental and agriculture decision making.  
2. Study Area 
Main part of the study area is in the south eastern part of Egypt, between latitudes 22°50’ 
E – 31°30’ E and longitude 30°50’ E – 31°30’ E (Figure 1).  The study area focuses on the 
eastern side that is 4374.46 km
2
, which consists of the Lakes 1, 2, most of 3, and small portion of  
 
Figure 1. Atmospherically corrected subset of the study area with latitude and longitude coordinates. 
Lake 4.  The lakes are located in the hyper-arid zone, which receive precipitation once every two 
to three decades (Bastawesy & others, 2007).  The evaporation rates are 8 mm/day during winter 
and 35 mm/day during summer with a monthly overall average of 189.7 mm (Bastawesy & 
others, 2007) (Elewa, 2006).  The topography is mostly flat with sand dunes and small hills in 
the western part, and elevation ranging from 77 m – 326 m above mean sea level (Bastawesy & 
others, 2007).  The geology of the Tushka depression is mostly underlined by impervious 
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Paleocene Esna Shale that reduces the infiltration of water from the lakes to the Nubian aquifer 
in which the groundwater salinity is <1000 ppm in the east and >3000 ppm in the west, with 
groundwater flow from southwest to northeast (Bastawesy & others, 2007) (El Shazly, 1977).  
The surface geology of the study area is dominated by low – lying exposures of Precambrian 
basement rock and interfingering sandstone and mudstone (Nubia Formation), which also 
represents the geology of the Nubian aquifer.  Also, the Nubian aquifer thickness is lower in the 
study by a factor of ~ 0.3 when compared to the surrounding areas (Kim & Sultan, 2002).  Karst 
topography covers part of the study area that is Tertiary limestone. 
3. Methods 
Two images were downloaded from Earth Explorer 
1
 – one image from November 7, 
1998 was provided by Landsat TM and second image from March 18, 2003 was provided by 
Landsat ETM+.   The methodology is broken into two parts: one for the land cover change 
analysis and the second for the mineral composite analysis.  
3.1 Land Cover Change Analysis 
Images were processed using ERDAS Imagine 2011, and the following tools used are 
briefly described.  The downloaded images were downloaded as individual color bands, which 
needed to be stacked into one image so that I could perform my analysis.  The images were 
downloaded with ortho-geocover attributes, but the geometric corrections of the images were not 
tested using ground control points for lack of data.  The stacked images were subset to attain the 
area of interest (AOI).  Atmospheric correction was applied to the subset image to remove any 
noise that can be attributed to haze and higher solar luminosity. Atmospheric correction 
                                                          
1
 Earth Explorer is serviced by USGS: http://edcsns17.cr.usgs.gov/NewEarthExplorer/  
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significantly increases the accuracy of image classification (ERDAS, 2010) (Kiage, Liu, Walker, 
Lam, & Huh, 2007).  Normalized difference vegetation index (NDVI) analysis – algorithm 
shown in table 1 –was performed on the images to aid in distinguishing vegetation areas during 
the classification process.  Unsupervised classification was performed for the two images in  
Table 1: Equations for the indices, and band information used for the Landsat - ETM+ 
(Dogan 2009: ERDAS 2010). 
Indices 
 
Equations 
 Mineral Composite: Ferrous Minerals band 5 / band 4   
 
Iron Oxide band 3 / band 1 
 
 
Clay Minerals band 5 / band 7 
 Normalized Difference Vegetative (NDVI) (band 4 - band 3) / (band 4 + band 3) 
Band Wavelength (μm) Spectrum 
 Band 1 0.45 - 0.515 Visible (Blue)   
Band 3 0.63 - 0.69 Visible (Red) 
 Band 4 0.75 - 0.90 Near Infrared 
 Band 5  1.55 - 1.75 Mid Infrared 
 Band 7 2.09 - 2.35 Mid Infrared   
 
which the two images were clustered into 50 classes.  The 50 classes were organized into water, 
barren land, evaporites, agriculture land, and vegetation (Hardy & Anderson, 1973).  The 
classified images were recoded by reducing the 50 classes to the main five classes mentioned 
previously.  Next, the images were clumped, which is a process in which contiguous groups of 
pixels of the five thematic classes are grouped together, and then eliminate was performed on the 
images, which is a process that removes clumps that are smaller than a user-specified size (2 
acres for this study) and backfills at these locations with class information from surrounding 
clumps (ERDAS, 2010) (Lillesand, Kiefer, & Chipman, 2008, p. 580).   The purpose of clump 
and eliminate tools is to smoothen the classified image so that it does not have the “salt and 
pepper” appearance (Lillesand, Kiefer, & Chipman, 2008, p. 580) (ERDAS, 2010). Accuracy 
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assessment was processed on eliminate images to check the accuracy of the classification of the 
images, in the report accuracy and Kappa coefficient are calculated (table 2). The differences in 
these two calculations are normal since accuracy report overlooks the random agreement in the 
error report whereas the Kappa coefficient takes that into account (Kiage, Liu, Walker, Lam, & 
Huh, 2007) (Lillesand, Kiefer, & Chipman, 2008, p. 591) (ERDAS, 2010).  Last tool used is 
matrix, which is used to detect change between the two images, and the output file is imported 
into ArcMap.  In ArcMap, a layer is created from the change detection that consisted of water, 
evaporite, vegetation, and potential agriculture land that is shown in figure 2. 
 
Figure 2: Change detection for two Landsat images from 1998 and 2003. 
 
Table 2: Accuracy Assessment results. 
Image Accuracy Assessment Kappa Coefficient 
7-Nov-98 96% 0.8188 
18-Mar-03 92% 0.8509 
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3.2 Mineral Composite 
Next, using similar methodology as Dogan (2009) and ERDAS Imagine 2011, index 
maps for FM, IO, and CM were created from the atmospherically corrected images and the 
related algorithms (table 1).  Developed index maps were reclassified in ArcMap using the 
natural breaks (Jenks) method (figure 3).  Natural breaks method was used because the class 
boundaries are set where there is significant change in data (Dogan, 2009) (Longley, Goodchild, 
Maguire, & Rhind, 2005, p. 277).   
4. Results 
Land cover detection results (table 3) are based on the 1998 and 2003 classification 
images with accuracy of 96% and 92%, respectively, and Kappa coefficient 0.8188 and 0.8509, 
respectively (table 2).  The results indicated that there was 235.18 km
2
 of additional lake water 
available in March 18, 2003 as well as 250.41 km
2
 of vegetation coverage available, 197.05 km
2
 
of agriculture land available, and 456.78 km
2
 of evaporite coverage.  
Table 3: Area for different classes from land cover change. 
 Class Pixels Hectares km2 
Water to Water 380992 34289.28 342.8928 
Water to Barren Land 3763 338.67 3.3867 
Water to Evaporite 1649 148.41 1.4841 
Water to Vegetation 1586 142.74 1.4274 
Barren Land to Water 248717 22384.53 223.8453 
Barren Land to Barren Land 3163449 284710.41 2847.1041 
Barren Land to Evaporite 505891 45530.19 455.3019 
Barren Land to Vegetation 276527 24887.43 248.8743 
Barren Land to  Agriculture Land 218942 19704.78 197.0478 
Evaporite to Water 12591 1133.19 11.3319 
Evaporite to Barren Land 36672 3300.48 33.0048 
Evaporite to Evaporite 4465 401.85 4.0185 
Evaporite to Vegetation 4375 393.75 3.9375 
Evaporite to Barren Land 636 57.24 0.5724 
Total 4860255 437423 4374 
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Spatial distribution maps of FM, IO, and CM were developed (figure 3), and using 
Dogan’s (2009) interpretation method the seven index classes have been interpreted into five 
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categories: very rare, rare, medium, high, and very high (table 4).  The scale for the five 
categories varies for FM, IO, and CM because the scale is based on the index values that are 
represented by the five equal sized data subsets, or quintiles.  Based on the spatial distribution of 
FM, the concentrations are considerably low throughout the study area, and 99.96 % of the study 
area was assessed in very rare category.  Spatial distribution of IO was better than that of FM, in 
which 72.76 % of the study area was assessed in very rare category, 17.01 % of the study area 
was assessed in the very rare-rare-medium category, 3.48 % of the area was assessed in rare - 
medium category, 3.33 % of the area was assessed in medium - high category, and 3.42 % of the 
area was assessed in the high – very high category.  On the other hand, CM concentrations were 
much higher than that of FM and IO. 
The results for CM are: 13.39 % of the study area in very rare category, 1.02 % of the 
study area in the very rare – rare category, 4.85 % of the study area in the medium category, 
26.83 % of the study area in the medium – high category, 45.35 % of the study area in the high 
category, and 8.55 % of the study area in the high – very high category.  The concentration of 
FM and IO have not changed as much from November 7, 1998 image to March 18 2003 image, 
but the concentrations of CM have changed drastically from 1998 to 2003 (figure 4). 
 
Figure 4.  FM, IO, and CM class covers for 1998 and 2003 of Tushka study area. 
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Table 4. Cover area for FM, IO, and CM for the study area along with the interpretation of classes.   
        Interpretation 
Class 
Index 
Values 
Cover 
Area km
2
 
% of the study 
area Category 
% of the 
study area 
Ferrous Minerals         
1 0-0.5 565.72 12.93 
  2 0.5-1.2 1866.34 42.66 
  3 1.2-2.1 1938.31 44.31 Very Rare 99.96 
4 2.1-4.2 2.53 0.06 
  5 4.2-6.9 0.86 0.02 
Very rare - rare -medium 
  
6 6.9-11.5 0.56 0.01 0.03 
7 11.5-23 0.14 0.00 Medium - high- very high 0.00 
Total 
 
4374.45 100.00   100 
Iron 
Oxide 
     1 0-4.5 2127.67 48.64 
  2 4.5-14.8 1055.05 24.12 Very rare 72.76 
3 14.8-26.7 581.81 13.30     
4 26.7-36.2 162.31 3.71 Very rare - rare -medium 17.01 
5 36.2-53.1 152.24 3.48 Rare - medium 3.48 
6 53.1-72.1 145.61 3.33 Medium - high 3.33 
7 72.1-105 149.76 3.42 High - very high 3.42 
Total 
 
4374.45 100.00   100 
Clay Minerals 
    1 0-0.3 585.80 13.39 Very rare 13.39 
2 0.3-0.7 44.70 1.02 Very rare - rare 1.02 
3 0.7-0.9 212.26 4.85 Medium 4.85 
4 0.9-1.1 1173.72 26.83 Medium - high 26.83 
5 1.1-1.2 1193.14 27.28     
6 1.2-1.3 790.81 18.08 High 45.35 
7 1.3-1.75 374.02 8.55 High - very high 8.55 
Total   4374.45 100.00   100.00 
 
5. Discussion  
Land cover change indicates a successful rehabilitation of 669.77 km
2
 of barren land into 
water, vegetation, and potential agriculture land.  However, with persisting droughts since 2001, 
there is an increase of evaporite deposits, which totaled to 455.30 km
2
.   Bastawesy and others 
(2007) suggest that Tushka Lakes water level will continue to reduce until it eventually they 
vanish by year 2020.  In the process, the increase in the salinity in the lakes will harm the aquatic 
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habitat that has been established, and the precipitation of evaporites will reduce the amount of 
potential agriculture land.  Furthermore, the agriculture communities will not be able to use the 
surface water due to high salinity, and the groundwater from the Nubian aquifer will not be able 
to sustain the demand due to lower aquifer thickness in the area of study and also the higher 
saline water in the west will migrate to east, which would contaminate the water wells. 
The results for the mineral composite maps indicated that majority of the area has clay 
minerals but poor ferrous minerals and iron oxides.  This indicates that the dominant clay 
minerals have low to no iron content, which would mean that the clay minerals could possibly be 
smectite, illite, kaolinite, or chlorite in the study area.  This outcome was supported by a similar 
study by Dogan (2009) in which mineral composition of the Kelkit River Basin was assessed and  
results indicated that clay minerals had negative correlation with ferrous minerals and iron 
oxides.   
6. Conclusion 
 Using Landsat TM and ETM+ images, a land cover change for the Tushka Lakes 
between November 7, 1998 and March 18, 2003 was calculated in which 235.18 km
2
 of 
additional lake water, 250.41 km
2
 of vegetation, 197.05 km
2
 of potential agriculture land, and 
456.78 km
2
 of evaporite land cover area was generated. The mineral composite maps indicated 
that clay minerals are predominant throughout the study area with very small concentration of 
ferrous minerals and iron oxides, which would indicate that the clay minerals may be smectite, 
illite, kaolinite, or chlorite throughout the study area.  The maps developed in this study are 
reliable to be used as guides in environmental and agricultural decision making, but they are not 
dependable for the modeling studies since the maps have not been verified with field data. 
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